In this work, we present a detailed comparison of ten different 3D LiDAR sensors, covering a range of manufacturers, models, and laser configurations, for the tasks of mapping and vehicle localization, using as common reference the Normal Distributions Transform (NDT) algorithm implemented in the self-driving open source platform Autoware. LiDAR data used in this study is a subset of our LiDAR Benchmarking and Reference (LIBRE) dataset, captured independently from each sensor, from a vehicle driven on public urban roads multiple times, at different times of the day. In this study, we analyze the performance and characteristics of each LiDAR for the tasks of (1) 3D mapping including an assessment map quality based on mean map entropy, and (2) 6-DOF localization using a ground truth reference map.
I. INTRODUCTION
State-of-the-art vehicle navigation, in particular localization and obstacle negotiation, cannot be conceived without referring to LiDARs (Light Detection And Ranging, sometimes Light Imaging Detection And Ranging for the imagelike resolution of modern 3D sensors). Ever since the first implementations of SLAM (simultaneous localization and mapping) for robotics [11] and practical demonstrations on vehicles [12] , LRF (laser range finders) and LiDARs have had a major role to realize high accuracy 2D occupancy maps and 3D pointcloud maps. Current MMS (mobile mapping systems) employ several LiDARs together with IMUs, cameras, GNSS, odometry, to capture with the highest fidelity all the environments elements involved in driving.
The rapid developments in the field of intelligent transport systems (ITS) have created a large demand for LiDARs for obstacle negotiation, navigation, sensing in intelligent highways, and so on. Each operational design domain (ODD) defines several key requirements expected from LiDARs: measurement range, measurement accuracy, repeatability, abraham.monrroy@tier4.jp, david.wong@tier4.jp, narksri.patiphon@g.sp.m.is.nagoya-u.ac.jp, jacob.lambert@g.sp.m.is.nagoya-u.ac.jp, yuki.kitsukawa@tier4.jp, takeuchi@g.sp.m.is.nagoya-u.ac.jp, shinpei@is.s.u-tokyo.ac.jp, kazuya.takeda@nagoya-u.jp point density, scanning speed, configurability, wavelengths, robustness to environmental changes, sensing on adverse weather, small form factors, and costs. As such, a large number of LiDAR manufacturers have emerged in recent years introducing new technologies to address different needs [13] .
With so many different manufacturers and technologies becoming available, it is necessary to properly assess the characteristics and performance of each device. Furthermore, with LiDAR costs still remaining high, it can be difficult to select the best LiDAR in terms of cost to performance. We released the LIBRE dataset covering multiple 3D LiDARs [14] , [15] . It features 12 LiDARs, each one a different model from diverse manufacturers, includes data from four different environments and configurations: dynamic traffic which corresponds to traffic scenes captured from a vehicle driving on public urban roads around Nagoya University; static targets related to objects (reflective targets, black car and mannequins) placed at known controlled distances, and measured from a fixed position; adverse weather consisting on static objects placed at a fix location and measured from a moving vehicle while exposed to adverse conditions (fog, rain, strong light); and indirect interference in which dynamic traffic objects are measured from a fixed position by multiple LiDARs simultaneously and exposed to indirect interference conditions. Our dataset also includes ground truth 3D pointcloud maps and vector maps (HD maps) created by a professional mobile mapping system (MMS). Using the dynamic traffic data of our LIBRE dataset, this study focuses on analyzing the characteristics of ten 3D LiDARs for vehicle localization and mapping, considering the LiDAR pointcloud data alone, this is, without assistance of any other navigation and dead reckoning systems such as IMU, GNSS, odometry, or vehicle speed. To the best of our knowledge, this is the first work studying so many LiDARs for vehicle navigation, covering a range of manufacturers, models, and laser configurations (the sensors are listed in Table I ). To define a common ground for comparison, we use the Normal Distributions Transform (NDT) [16] , [17] , [18] in the self-driving open source platform Autoware [19] (see also Kato et al.[20] ).
The contributions of this work are summarized as follows:
• A unique study of the properties for multiple 3D Li-DARs for creation of 3D maps and 6-DOF localization. • Evaluation of 3D map quality using the mean map entropy (MME) and mean plane variance (MPV) scores for each LiDAR. This paper is structured as follows: Section II revisits NDT scan matching and its properties. Section III describes the dynamic traffic data and experimental procedures in this study. Sections IV and V discuss the actual result for mapping localization and localization. Finally, this paper is concluded in Section VI.
II. NORMAL DISTRIBUTIONS TRANSFORM A. NDT Scan Matching
The Normal Distributions Transform (NDT) scan matching method is attributed to Biber et al. [21] . In NDT, the reference scan (pointcloud) is divided into uniform 3D grid, and each cell (voxel) keeps the mean and distribution of the sub-pointcloud assigned to it, thus the ND voxels represent normal distributions.
Following the notation by Takeuchi et al. [16] , the reference pointcloud (map or model) M is a vector of M points
, and x k is the k-th ND voxel with M k points. The k-th ND voxel mean p k and covariance matrix Σ k are given by Eq. 1.
Given an input scan (pointcloud) X with N points, x i with i ∈ [1..N ], the 3D coordinate transformation of X into M is achieved by x i = Rx i +t , with R the rotation matrix and t the translation vector. Thus, the pose transformation , and ending at location marked with . Trajectory colored in blue with starting location marked with corresponds to route A, yellow trajectory with start location marked with is route B, and trajectory colored in green with starting location marked by is route C. (b) is the ground truth pointcloud map (grid cell size 10 m) created by a MMS. parameters (translation and rotation) to estimate are t = t x , t y , t z , t roll , t pitch , t yaw . Evaluation of fitness between the transformed input cloud X using the parameters t, and the reference map M , represented as ND voxels, is done with Eq. 2.
A high value of E(X, t) means both the input cloud and the reference map are well aligned. Newton's nonlinear function optimization is utilized to find t such that E(X, t) is maximized. Therefore, we minimize the function f (t) = −E(X, t). Parameters vector t is updated using Eq. 3.
where g and H are the partial differential and second order partial differential of the optimizing function f . Details of the derivation of these values are given in [16] , the work by Magnusson [18] includes a very derivation. Magnusson et al. [17] and Sobreira et al. [22] present detailed comparisons of performance of NDT versus the Iterative Closest Point (ICP) algorithm and others.
B. NDT Evaluation Metrics 1) Iteration: Iteration corresponds to the number of cycles (and therefore processing time) of the Newton's iterative method until achieving matching convergence. If the initial guess for the transformation parameters t is close enough to the actual transformation, then the number of iterations is small.
2) Fitness Score: Fitness Score is the degree of correspondence between two scans, obtained by the average sum of distances between closest points. When this score is small then correspondence between pointclouds is high. However, if the reference cloud lacks areas which are part of the input cloud, the distance between closest neighbors increases and so this score.
3) Transformation Probability: Transformation Probability, although strictly speaking not a probability, is the score of one point, obtained by dividing the fitness score by the number of points N of the input scan.
C. NDT Precision and Performance Factors
1) Input Cloud Down-sampling: The input cloud of conventional LiDARs may consist on tens to hundreds of thousands points. As such, the time to achieve convergence will increase with the size of the input cloud and may limit realtime response. Down-sampling of the input cloud reduces points and complexity for matching.
2) Resolution of Reference Map: In a similar way, the complexity of the map affects NDT matching performance. Resolution corresponds to the size of the ND voxels, a large resolution improves processing time but reduces features and so matching becomes unstable. On the other hand, very small resolution means higher processing time and causes incorrect associations between input cloud and very close ND voxels, therefore accuracy is affected.
3) VoxelGrid Filter: Similar to the map resolution, the voxel grid filter is a down-sampling method applied on the input scan. A 3D grid is created on the input cloud, the local cloud in a voxel is replaced by the centroid (for the fields of x, y, z and intensity). Voxel grid filter preserves the general coverage (in distance) of the input cloud and reduces noise, but does not preserve the ring structure: the centroid may correspond to a point in between two rings unrelated to the original scan. By reducing the input cloud complexity according to the voxel grid cell size, the number of iterations to achieve convergence may be reduced. 4) Number of LiDAR Beams: As show in Table I , there are multiple 3D LiDARs available for vehicle navigation, and one of their distinctive attributes is the number of beams (lasers or channels) and their distribution. A high number of beams and a fine horizontal resolution mean the size of the input pointcloud is large and thus more time is necessary for processing. Finer vertical angular resolutions mean better estimation of the voxel grid vertical centroid. 5) Matching Initialization: It is important to define the initial position and pose before a matching cycle with new scan data. As the vehicle moves continuously over time, the position computed in the previous cycle is used as a guess for the new cycle. In addition, the use of dead reckoning such as speed, acceleration, odometry and other navigation systems such as IMU and GNSS, can help improve the estimation of the initial position before the next cycle.
III. MULTIPLE LIDAR DYNAMIC TRAFFIC DATA

A. Data Collection
The target was to collect data in a variety of traffic conditions, including different type of environments, varying density of traffic and times of the day. We drove our instrumented vehicle three times per day and collected data for the following key time periods:
-Pedestrian traffic: medium-low -Vehicle traffic: high -Conditions: people commuting to work, university students and staff arriving on the campus. Clear to overcast weather.
• Noon (12pm-1pm) -Pedestrian traffic: high -Vehicle traffic: medium-low -Conditions: large number of university students and staff heading to and from the various cafeterias and restaurants around Campus. These are largely accessible by walking, so vehicle traffic is relatively low around this time. Clear to overcast weather.
• Afternoon (2pm-4pm) -Pedestrian traffic: low -Vehicle traffic: medium-low -Conditions: foot traffic around campus is low during this busy work and class period, and vehicle density is also relatively normal or low. Clear to overcast weather. Fig. 1 shows the vehicle used for data capture. The 3D LiDAR on top was replaced for each experiment only after the three time periods were recorded, only one LiDAR was used at a time to avoid noise due to mutual interference. Data from other sensors (RGB camera, IR camera, 360°c amera, event camera, IMU, GNSS, CAN) was also recorded together with LiDAR data, together with timestamps, using ROS [23] . In addition, we collected calibration data for each new LiDAR setup to perform extrinsic LiDAR to camera calibration, using a checkerboard and various other points of interest. Clear lighting conditions were ensured to record such data. Fig. 2 shows the main trajectory followed to record dynamic traffic data. Our dataset also offers a reference pointcloud map, created by a professional mobile mapping system (MMS), and which includes 3D coordinates and RGB data. Vector map files (HD map) for public road outside of the Nagoya University campus, are also provided.
B. Evaluation Routes
From the main trajectory shown in Fig. 2, we traffic, the minimum shift (translation) parameter was set to 1 m. After mapping the maps were not down-sampled to keep their integrity for this analysis, thus some of the maps are too large to be used for practical self-driving. The specs of the computer used in this evaluation are: Intel Xeon CPU E3-1545M with 4 cores/8 threads, NVIDIA Quadro M1000M GPU with 4GB GPU memory and 512 GPU cores, 32GB main RAM and a external 2TB SSD storage for log data recording. Fig. 3 shows the elevation versus traveled distance for each LiDAR and each route while creating maps (ground truth is shown in black). Since each ride is slightly different (ex., changing lanes to avoid obstacles) the differences in trajectories in the XY plane are not considered here, instead the most important problem of drifting in elevation due to accumulated errors. While LiDARs with higher number of beams, finer vertical angular resolution, and higher range precision are closer to the ground truth, VLP-16 with lowest beam count and OS1-64 with lower range accuracy have the highest vertical errors. The reasons for this elevation error may be found on the NDT mapping algorithm itself, as reported previously in [24] , and more research is necessary, however this work sheds light on the dependency of the LiDAR beams configuration. The environment may also play a role in such errors, routes B are C are regular roads while route A is a narrow road on the university campus.
We also consider as additional metrics to analyze map quality, the mean map entropy (MME) and the mean plane variance (MPV) discussed in Razlaw et al. [25] . The mean map entropy (MME) score H(M ) of map M is given by Eq. 4 as:
The covariance Σ(x k ) of point x k is computed using a kdtree neighborhood seearch with radius r. The mean plane variance (MPV) score V (M ) of the map is given by equation Eq. 5 as:
where v(x i ) is the upper quartile of distances with the best fitting plane for the points around x k in the search radius r.
For the ground truth reference map provided by MMS, the MME score is 0.294893 and the MPV score is 0.669889. Table II summarizes the results during mapping 3 , including the number of points in each final map, the driving time for the route, number of scans included, and so on. As expected, LiDARs with higher number of beams take more time (iterations), while the fitness score remains similar for all sensors. The MME and MPV scores seem to favour the legacy sensors HDL-64S2 and HDL-32E, possibly due to the quality of their calibration and measurement accuracy when compared with newer devices.
One element which affects the MME and MPV scores is the presence of objects in the map, in particular on the road surface. Fig. 4 shows the reference MMS map colored by point entropy and point plane variance, both using a search radius r of 1 m. The map portion covered by vector maps was curated and no motion artifacts are observed, however map data inside the Nagoya University campus clearly show trails from objects in motion during mapping and not filtered here. The traffic conditions were slightly different while driving with each sensor, sometimes there were vehicles present leaving such trails on the map, and thus MME and MPV scores rose. Using the vector maps to filter road points and then removing points inside the road with high entropy and plane variance is a possible filtering strategy to consider. Fig. 4 : Reference MMS map coloured entropy(a) (green lower entropy, magenta is higher entropy) and by plane variance (b) (red lower variance, green higher variance) for each point.
V. LOCALIZATION EVALUATION
We performed thirty experiments on localization, using the ground truth reference map, and NDT matching implementation in Autoware. NDT maching requires the input cloud to be down-sampled, we used the voxel grid filter with a voxel size of 2 m and the maximum distance of 200 m. Similar to NDT mapping, NDT resolution was set to 1 m, maximum number of iterations to 50, error threshold was 1 m. The initial position was manually defined for each case. Fig. 5 show qualitative results of the different LiDARs during localization at specific locations. These images show the achieved coverage by each LiDARs's original input cloud after being transformed. Examples of filtered input cloud by the voxel grid filter are shown in Fig. 7 . Fig. 6 shows the localization performance of the different LiDARs per each route. In general, VLP-16 had a very fast convergence while the LiDARs with higher number of beams struggled. The higher iterations at the beginning are due to the different initialization configurations required for each sensor and route. Route B shows the higher number of fluctuations in iterations, this is partially due to changes in the environment not included in the reference MMS map. Also, this route includes portions where maximum speed was 50 km/h, the higher speed and the constant 10 Hz scanning rate of the sensors points to the need of motion compensation in NDT.
VI. CONCLUSIONS
In this work, we presented a detailed comparison and characteristics of ten different 3D LiDARs, each one a different model from diverse manufacturers, for navigation tasks (3D mapping and 6-DOF localization), using as common reference the Normal Distributions Transform (NDT). We analyzed each LiDAR pointcloud data alone and without assistance of any other navigation and dead reckoning systems. Data in this study comes from dynamic traffic data in our LIBRE dataset.
While ultimate reason may lie in the NDT implementation, the elevation during mapping for all 3D LiDARs was incorrect in all cases, drifting in elevation due to accumulated errors in posture estimation, the LiDAR's beams configuration and the surrounding environment seem to have an important effect. Correct localization was achieved for all LiDARs using a reference ground truth map. Even if all input clouds were equally filtered, the number of iterations varied largely especially for multiple beam configurations and also depending on the environment (existence of sufficient reference data).
Future directions derived from this work include, studying the elevation problem in NDT mapping, evaluation using other algorithms such as LeGo-LOAM [26] , different downsampling pre-processing filtering which preserves the point cloud structure, automatic tuning of localizer parameters. The application of MME based feature points for localization will be also considered.
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